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Many arguments are used to advocate for the introduction of Com-
puter Science (CS) / Computational Thinking / "coding" in K-12
education. Growth mindset theory (GM) is also becoming very pop-
ular among educators and researchers. Some claims stating that
studying CS can foster a GM have emerged. However, educational
research shows that transfer of competences is hard. Very little
research has been conducted on the relationship between GM and
CS learning, with conflicting results. We measured some indicators
(e.g., mindset, computer science mindset) at the beginning and the
end of a high school year in five different classes: three CS ori-
ented, one Chemistry oriented, and one Transportation&Logistics
oriented. In one of the CS oriented classes, we did a very brief GM
intervention. At the end of the school year, none of the classes
showed a statistically significant change in their mindset. Inter-
estingly, non-CS oriented classes showed a significant decrease in
their computer science growth mindset. In the intervention class,
students suggested, to stimulate a GM, the need for activities that
are more creative, engaging, and related to the real world and their
interests.
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1 INTRODUCTION
Recently the introduction of Computer Science (CS) / Computa-
tional Thinking (CT) / "coding" in K-12 education has gained mas-
sive attention from researchers, educators, and media. Many argu-
ments are used to advocate this introduction, e.g., understanding
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our digital world, being active and creative digital citizens, learning
skills for digital jobs, and learning to "think better." However, some
of them seem not to be based on sound educational research (see
the recent [18] for a good review).
At the same time, mindset theory [10] (as it is widely known to-
day, more formally called "implicit theories about intelligence" [7])
is becoming very popular among educators and researchers. Peo-
ple hold personal ideas (implicit theories) about their intellectual
abilities. These ideas lay on a continuous spectrum, but two main
groups can be identified. Some people have a fixed mindset (an
entity theory of intelligence): they think their intelligence is a fixed
aspect, and they cannot do much to change it. By contrast, other
people have a growth mindset (an incremental theory of intelligence):
they think intelligence is malleable and can be developed with
study and effort. Some studies show that students’ mindset can
influence their achievement [4]. Moreover, Dweck showed that
a growth mindset could be fostered with brief specific interven-
tions [4] or specific teaching strategies (e.g., giving growth mindset
feedback [9]). Dweck acknowledges that one can have different
mindsets with respect to different disciplines [10]: in this paper,
we will refer to the mindset with respect to CS as Computer Science
mindset.
Some claims stating that studying CS/CT/programming/"coding"
can foster a GM have emerged: partially because of the popular-
ity in educational contexts, partly because some characteristics of
Computer Science - and in particular of programming (e.g., collab-
oration, iterative development, continually finding and correcting
errors) - fit well in the mindset theory. The thesis that learning
computing can foster a growth mindset is exemplified by some
quotes from online educational blogs. "Not only can the process of
learning to code be used to help develop a growth mindset, there are
aspects of coding that help reinforce this mindset" [34]. "[...] its con-
tribution to a growth mindset, is one of the reasons why debugging
is such an important part of computing education" [3]. "But did you
know that by learning to code, you can simultaneously grow your
growth mindset in the process?" [36]1. "Over three years of helping
kids teach themselves computer programming, I have decided that
youth coding programs are the best way to instill a growth mindset in
another human being" [32]. "Posing challenging tasks such as basic
coding even at the elementary level pays great dividends and fosters
a Growth Mindset among even the youngest students" [13].
Other CS Ed. researchers seem to acknowledge the problem.
For example, Lewis states, talking about growth mindset and grit,
that "programming has been speculated to be uniquely qualified to
help normalize failure and thus encourage productive learning strate-
gies" [18]. As Lewis herself recognizes, research in education tells
1Another blog post on Mindsetworks also seems to acknowledge the opposite direction
of the implication: Having a Growth Mindset helps learning to code [35].
us that transfer is difficult and unlikely to happen, especially be-
tween knowledge domains far from one another [2]. Research has
shown that it is possible to teach transfer, if the activities are ex-
plicitly designed to do so: for example, in the 1980s, in the context
of LOGO programming, some researchers were able to explicitly
teach debugging and to transfer it to "buggy" situations outside
programming (e.g. in wrong road directions or furniture arrange-
ment in a room) [17]. Note however that these contexts are much
more similar to the original programming one than perseverance
or growth mindset are. Research about transfer in Computer Sci-
ence education (also regarding transversal competencies/skills) is
recognized to be contradictory and outdated [27].
To better understand the relationship between studying or not
studying Computer Science and mindset (and other related con-
structs, especially CS mindset), we decided to conduct a study in a
high school with different tracks. One track is Computer Science
oriented, while others are oriented to different technical skills (e.g.,
Chemistry, Logistics and Transportation). With our experiment, we
tried to address the following research questions:
RQ1 Does studying or not studying Computer Science in high
school automatically influence students’ mindset, Computer
Science mindset, and other related constructs?
RQ2 Can a small explicit intervention alter students’ mindset?
RQ3 After being taught about mindset theory, what are students’
recommendations to foster it?
2 COMPUTER SCIENCE AND GROWTH
MINDSET
2.1 Growth Mindset
Students2 with a growth mindset show learning-oriented goals
(not afraid to ask and make errors, in order to learn) and mastery-
oriented responses (greater effort and new strategies) to chal-
lenges and setbacks, while students with a fixed mindset show per-
formance goals ("appear intelligent", so avoiding difficult tasks)
and helpless responses to challenges (e.g. giving up or blaming
the teacher for their failure).
In many studies, Dweck and colleagues showed that students’
mindset could predict their achievement, in particular in Math and
Science, and their ability to cope with challenges [4, 9]. Moreover,
female students with a growth mindset showed less susceptibility
to the adverse effects of stereotypes about women and math [12].
Some interventions [9] can positively stimulate a growth mind-
set: explicitly teaching students about mindsets, brain plasticity
and the idea that intelligence can be trained with effort; portraying
challenges, effort and mistakes as highly valued; praising process
and effort (e.g., "You worked so hard and did an excellent job!")
rather than person or talent ("Good! You must be very smart!"), and
giving constructive feedback rather than praising the person or
being judgmental.
2.2 Growth Mindset in Computer Science
In [22] it is argued that a growth mindset can be particularly im-
portant in CS education. For example, in programming, students
are continually facing errors and challenges; female enrollment
2Part of this section is an expansion of those in [19, 20].
in CS is low, possibly due to fixed views about who can and who
cannot succeed in CS; collaboration is fundamental in CS and is
fostered by growth mindset students whose goal is to learn rather
than to appear smart, and so on. Factors like repeated exposure to
errors and stereotypes are recognized to potentially foster a fixed
mindset, as has been suggested for math [5]. In [6] is stated that
Carol Dweck herself describes CS as a discipline that requires a
growth mindset.
Very few studies assessed students’ mindset before and after a
CS course (at a college level). In [11] the authors observed changes
in CS1 students (CS-majors, other STEM-Majors, but also Arts and
Business Majors) across the semester, finding a significant increase
in a fixed mindset and a significant decrease in a growth mindset.
Moreover, in [28] it was found that beliefs about intelligence and
programming aptitude form two distinct constructs in undergradu-
ate software engineering students. The mindset for programming
aptitude had greater utility in predicting software development
practice, and a follow-up survey showed that it became more fixed
after a programming module. In [15], third-year bachelor students’
mindset was assessed, finding no correlations between their mind-
set and their grades.
Even fewer studies have tried to alter students’ mindset, and
these have found conflicting results. The authors in [30] tried a
small intervention on CS Majors and Minors, finding a shift toward
fixed mindset despite the intervention. In contrast, the authors
in [6] performed three structured interventions into an introductory
programming course, gaining significant improvement in growth
mindset level of students and also a positive correlation in their
test scores.
We could not find any studies about Computer Science and
growth mindset at the high school level.
3 THE STUDY
3.1 Context
In Italy, high school (formally "upper secondary school") lasts five
years (usually students start when they are 14 y.o. and finish when
they are 19 y.o.). Students can choose between lyceums, which
give a theoretical basis in classical, scientific or artistic areas and
naturally lead to university studies; technical institutes, which
give both theoretical basis and a high qualified specialization in a
specific area (divided in: economic institutes, preparing for econom-
ics, management and business-oriented computer programming,
and technological institutes, preparing for areas such as mechanics,
electronics, computer science, chemistry), leading to a job or to
university studies; or professional institutes, preparing students
with practical skills to enter the job market immediately.
After choosing the kind of school, students select a specific track
offered by the school (e.g., "IT and telecommunications," "fashion"),
whose curriculum is decided at national level. Almost every cur-
riculum includes Italian, English, History, Math, Natural Sciences,
Sports, and the subjects of the chosen track.
3.2 Participants
We conducted the experiment in four classes (third year, 16-year-
old students) of a large technological institute (in brackets we give
a short code we will use to identify the classes): 2 classes of "IT and
Table 1: Descriptive statistics of the sample
Class N Males Females Prev. exp
INF1 16 16 0 7
INF2 14 11 3 1
INF3 7 7 0 7
TRAN 6 6 0 3
CHEM 23 16 7 12
ALL 66 56 10 30
telecommunications" (INF1, INF2); 1 class mixed "IT and telecommu-
nications" (INF3) and "transport and logistics" (TRAN) (students fol-
low intersecting subjects together and split when following specific
subjects); and 1 class of "chemistry, materials and biotechnology"
(CHEM).
During the first two years (usually very similar, to allow pupils to
change track), all students of a technological institute should have
followed some introductory computing lessons (no more than 2-3
hours a week for one or two years), but the content varies a lot: from
the use of office suites to visual programming in Scratch to web
development. We asked students if they had already programmed,
to check for potential effects.
During the third year, students in "IT and telecommunications"
follow three courses related to Computer Science and programming
(Network systems, IT project management, Computer science) for
a total of 13 hours a week. Students in "transport and logistics"
and "chemistry, materials and biotechnology" do not follow any
CS-related course.
We asked for an informed consent from students’ parents, and
only those who gave us back the approved informed consent partic-
ipated in the study. As the study involved a pre and a post question-
naire, students were anonymously identified with a secret code (the
name of a color) they had to remember. We report, in Table 1, num-
ber, gender and previous programming experience of only students
that completed both the pre and the post-questionnaire. Most of the
students are males, and the females are almost all from the CHEM
class. This is not surprising since technological tracks, especially
those related to mechanics, electronics and computer science, are
usually chosen mainly by males in Italy.
3.3 Methods
We decided to measure some constructs (some belonging to general
mindset theory, e.g., performance vs. mastery orientation - see
subsection 2.1 - and some specifically related to CS mindset) at the
beginning and at the end of the third year (school year 2017/2018).
Moreover, we decided to implement a small mindset intervention
in the INF1 class, halfway through the year, to see if we could alter
students’ mindset.
3.3.1 Questionnaire. Research on mindsets is usually conducted
by asking students to rate how much they agree (on a Likert scale,
e.g., 1-6) on some statements like "You have a certain amount of
intelligence, and you can’t really do much to change it." and then
calculating a score representing students’ mindset. In the online
appendix of this paper [21], the full questionnaire is reported, with
details on how the scores are calculated.
For traditional mindset constructs, robust and validated scales
are available. We used the wording in [8], an Italian translation of
Dweck’s book [7], to measure:
• Mindset, obtaining a value from 1 (fixedmindset) to 6 (growth
mindset);
• Confidence in one’s intelligence, obtaining a value from
1 (low confidence) to 12 (high confidence);
• Goal choice, obtaining a value from 1 (performance orien-
tation) to 6 (mastery orientation).
To measure belief constructs related to CS, we adapted and trans-
lated in Italian some scales from [33], a Ph.D. thesis studying specif-
ically Mathematical Mindsets, changing the word "Math" to "Com-
puter Science" in the questionnaire proposed by the author. In
particular, we measured:
• Computer ScienceMindset, obtaining a value from 1 (fixed
CS mindset) to 6 (growth CS mindset);
• Beliefs about the nature of CS, obtaining a value from 1
(CS as a fixed discipline, where you have to learn facts, rules,
give quickly the only right solution to problems) to 6 (CS as
a creative discipline, where you can learn from your errors
and have many solutions to problems);
• Identification with CS, obtaining a value from 1 ("not a
CS person", bad at CS) to 5 ("a CS person", good at CS);
• Mastery orientation in CS, obtaining a value from 1 (per-
formance orientation in CS) to 5 (mastery orientation in
CS).
The school was unable to authorize access to students’ grades.
However, we asked CS-oriented students if their grades in CS-
related disciplines decreased, increased or remained the same.
The questionnaire was administered to all classes in two days,
one at the beginning and one at the end of the school year, in school
laboratories, through Google Forms, by the author (who has no
relationships with the school, and presented himself as an entirely
external subject, to avoid the tendency to socially desirable answers
given by students to their teachers).
3.3.2 Intervention. In class INF1, halfway through the year, we
performed a mindset intervention, attempting to alter students’
beliefs by explicitly teaching them about growth mindset (analo-
gously to what Dweck and colleagues did in many experiments:
see for example [4]). The intervention (a 2 hours lesson conducted
by the author, who is a computer scientist with a background in
education) was inspired by material prepared by Khan Academy
and PERTS [16]. The lesson included, in order: a discussion on
what students think intelligence is, and if it could be changed; a
discussion about a situation where they learned to do something
they were not able to do yet; a presentation of the Mindset theory
through a table translating a diagram from Nigel Holmes [14]; a
short video [29] on neuroplasticity (with Italian subtitles); and a
description by the researcher of "a situation where he overcame a
struggle in learning and learned to solve a problem" [16].
In the last part of the lesson, three open questions were admin-
istered through a Google Form. Students were asked to think of a
Table 2: Internal consistency (Cronbach’s alphas)
Measure INF1 INF2 INF3 CHEM TRAN ALL
GM pre 0.86 0.90 0.66 0.70 0.89 0.83
post 0.94 0.97 0.93 0.82 0.26 0.89
CONF pre 0.62 0.87 -0.34 0.81 0.49 0.67
post 0.71 0.79 0.17 0.60 0.07 0.65
GOAL pre 0.62 0.50 -0.21 0.46 -0.19 0.46
post 0.35 0.29 -0.39 0.37 0.59 0.30
CSM pre 0.60 0.80 0.57 0.71 0.52 0.72
post 0.53 0.79 0.82 0.77 0.80 0.75
NAT pre -0.43 -0.21 0.13 -0.56 0.05 -0.08
post 0.30 0.27 0.73 -0.52 0.51 -0.01
IDCS pre 0.88 0.84 0.70 0.87 0.60 0.86
post 0.91 0.77 0.76 0.83 0.74 0.85
MAST pre -0.43 0.69 0.81 0.35 0.49 0.40
post 0.21 0.60 0.75 0.66 0.31 0.57
time when they overcame a struggle to learn something and then
to:
OQ1 Advise future students on how to overcome an obstacle when
learning something new (translation of question in [16])
OQ2 Suggest what a teacher could do to stimulate a growth mind-
set in students (proposed by us)
OQ3 Suggest some concrete strategies to a future CS student to
succeed and not be discouraged when facing difficulties in
learning to program (inspired by [30])
The full wording of the questions is available in the online ap-
pendix of this paper [21].
4 RESULTS
4.1 Quantitative analysis
Responses were analyzed through the statistical programming lan-
guage R [25], with the packages Hmisc, pastecs, lsr, psych, dplyr.
Internal consistencywasmeasured throughCronbach’s alpha [23]
for questions about mindset (GM), confidence in one’s own in-
telligence (CONF), goal choice (GOAL), Computer Science mind-
set (CSM), beliefs about nature of CS (NAT), identification with
CS (IDCS), mastery orientation in CS (MAST) for pre- and post-
questionnaire responses, for each class and for the whole sample
of students. Values are reported in Table 2.
For many measures the internal reliability is very low: it could be
due to the relatively small sample size, or to the translation/adaptation
to CS of some questions, or other factors. An in-depth analysis of
the reasons is out of the scope of this work. We decided to explore
further with the analysis of GM, CSM and IDCS, that have accept-
able (> 0.70) Cronbach’s alphas [23] for both pre and post test for
combined samples.
4.1.1 Difference between beginning and end of the year. To check if
studying or not studying CS had an impact, we performed statistical
tests on the difference between pre and post scores for each class
and each of the three measures. Moreover, we also performed the
test for all the samples combined.
Paired samples t-test works if the differences between pre and
post scores are normally distributed. We checked that with the
Shapiro-Wilk normality test and, since often it gives false posi-
tive results for small samples, also checked normality graphically
through QQ-plots. Whenever we were unsure about the normality
of data, we performed a non-parametric version of the test, in par-
ticular, the Wilcoxon signed rank test with continuity correction,
that does not require a normality assumption. When we found sig-
nificant results, we also measured the effect size through Cohen’s
d for paired samples. Results are reported in Table 3.
Mindset decreased in INF1, INF3, CHEM and increased in INF2
and TRAN, but in no case was the change statistically significant.
Regarding the combined samples, mindset decreased for both CS
and non-CS students, but not significantly.
Identification with CS decreased in INF classes, and increased in
CHEM and TRAN, but not significantly in any case. This reflects on
the fact that it decreases for CS students combined, and increases
for non-CS students (not significantly, but with p = 0.10).
Computer Science mindset decreased, but not significantly, in
INF1 and INF2, remained stable in INF3, but decreased significantly
(p = 0.02) in CHEM (with a medium effect size d = 0.52) and de-
creased (p = 0.09, with a large effect size d = 0.87) in TRAN. In
the combined samples, CSM decreased, but not significantly, in
CS students, and significantly in non CS students (p < 0.01, with a
medium/large effect size d = 0.59).
4.1.2 Difference between different subgroups. To check if there
were significant differences between some subgroups, we performed
many independent samples tests. In particular, we checked for
differences in GM and CSM (at the beginning, at the end, and their
difference) between males and females, between students with and
without previous programming experience, and between students
of CS and non-CS classes.
To perform an independent samples t-test, both subgroups must
be normally distributed and have the same variance. All normal
subgroups were checked with the F-test to compare the two vari-
ances and were found to have the same variance. Groups that were
not normally distributed were analyzed with Wilcoxon rank sum
test with continuity correction, which does not require normality
assumption. Results are shown in Table 4.
We found no statistically significant differences in mindset be-
tween any of the subgroups. By contrast, we see significant differ-
ences in the difference between final and initial CS growth mindset.
In particular, it decreased in females more than in males (p = 0.16),
decreased much more in novices than in those with previous expe-
rience (p = 0.06) and, confirming previous observations, decreased
statistically significantly more in non-CS students than in CS stu-
dents (p = 0.03).
4.1.3 Correlation with grades. To see if mindset influences CS
grades, we calculated Pearson’s r between GM/CSM (pre, post,
diff) and the reported variation in grades, but didn’t find significant
correlations, as shown in Table 5.
4.2 Qualitative analysis
We analyzed the responses to open questions from the students
in INF1. Although the questions asked them to write a letter or
Table 3: Paired samples tests
Sample Measure n normal pre post t-test Cohen’s d Wilcoxon-testmean sd mean sd t df p V p
INF1 GM 16 yes 4.02 1.28 3.33 1.39 1.56 15 0.14
CSM 16 not sure 4.50 0.84 4.20 0.97 38.00 0.31
IDCS 16 yes 3.28 0.96 3.07 0.94 1.02 15 0.32
INF2 GM 14 yes 4.05 1.54 4.17 1.69 -0.36 13 0.72
CSM 14 not sure 4.68 1.02 4.38 1.12 58.50 0.38
IDCS 14 not sure 3.71 0.65 3.68 0.83 47.00 0.94
INF3 GM 7 yes 4.29 1.15 4.05 1.46 0.35 6 0.74
CSM 7 not sure 3.50 0.80 3.50 1.14 8.50 0.89
IDCS 7 not sure 3.83 0.46 3.75 0.55 10.00 0.59
CHEM GM 23 yes 4.22 1.07 3.99 1.22 0.98 22 0.34
CSM 23 yes 4.21 1.11 3.71 1.12 2.51 22 0.02* 0.52
IDCS 23 yes 2.79 0.83 2.91 0.88 -0.83 22 0.42
TRAN GM 6 no 2.89 1.34 3.22 0.78 2.00 0.79
CSM 6 yes 5.04 0.62 4.33 0.90 2.14 5 0.09 0.87
IDCS 6 not sure 2.59 0.45 3.20 0.44 1.00 0.06
ALL CS GM 37 yes 4.08 1.33 3.78 1.53 1.14 36 0.26
CSM 37 no 4.38 0.98 4.14 1.08 259.50 0.20
IDCS 37 yes 3.54 0.79 3.43 0.88 1.18 36 0.25
ALL NON-CS GM 29 yes 3.94 1.23 3.83 1.17 0.55 28 0.59
CSM 29 yes 4.38 1.07 3.84 1.10 3.18 28 0.00* 0.59
IDCS 29 yes 2.75 0.76 2.97 0.81 -1.71 28 0.10
to give suggestions in at least five sentences, all responses were
brief and schematic. This, however, made the coding procedure
straightforward: we identified categories of advice and could easily
fit answers in those categories.
We analyzed the responses (see sec. 3.3.2) of the 16 students of
INF1 that also completed both the pre and the post questionnaires.
Categories and the number of suggestions fitting in that category
are reported here. Note that many answers contained more than
one piece of advice, so fit in more than one category.
OQ1 Categories: put effort (4); do not discourage (2); practice
a lot (2); be convinced before choosing CS (1); take private / extra
lessons (2); ask teacher (1); decompose problems (1); ask online (1);
(in the context of video-game programming) find and remember
errors early to avoid them later (1).
OQ2 Categories: make students have fun (3); repeat things
often (3); link to student interest/passion (3); limit boring explana-
tion/theory (2); encourage group work (2); involve students in logic
reasoning (2); deliver interactive lessons (1); avoid numeric grades
(1); propose creative exercises (1); link subject to real life (1); teach
value of effort and training (1); personalize teaching (1).
OQ3 Categories: program on your own at home constantly
(9); watch online video tutorials/examples (6); constantly study
(5); have objectives/interest/motivation regarding CS (4); believe
in yourself/ do not discourage (4); ask questions (4); pay attention
during lessons (3); study the programming language (syntax) (3);
understand fundamentals (2); take notes (2); not remain behind:
concepts builds on previous ones (2); you can do everything with
programming (1); study theory (1); there are many ways to solve
a problem (1); reflect on errors (1); understand instead of learning
by hearth (1); break down the problem in sub-problems (1); read
compiler error messages (1); try to engage yourself by programming
video games (1).
5 DISCUSSION, CONCLUSIONS AND
FURTHERWORK
We found (RQ1) no statistical evidence that studying (or not study-
ing) CS for one year automatically fosters growth mindset in high
school students. Moreover, we did not find significant differences
between males and females, students with or without previous
programming experiences, CS or non-CS students.
We see these results neither as surprising nor as negative, since
they are in line with educational research, stating that transfer is
difficult between distant domains and does not happen automati-
cally [2]. Our results support warnings about enthusiastic claims
around CS fostering GM.
We still think some characteristics of CS can help to develop a
GM, but only if teaching interventions are explicitly designed to
do so (and if they leverage, for example, on the creative and itera-
tive nature of CS, as we have successfully shown in a preliminary
study [20]).
CSEd research should also focus on the opposite implication:
CS is a challenging subject, therefore a growth mindset can be
particularly important to succeed in it [18, 22].
Table 4: Independent samples tests
M F t/Wilcocxonn 56 10
m sd m sd t W p d
GM pre 3.99 1.27 4.17 1.36 -0.39 0.70
GM pos 3.70 1.40 4.40 1.12 194 0.12
GM diff -0.30 1.40 0.23 1.37 -1.11 0.27
CSM pre 4.36 0.96 4.47 1.36 236 0.43
CSM pos 4.06 1.04 3.70 1.33 0.96 0.34
CSM diff -0.30 0.96 -0.78 0.88 359 0.16
EXP NO EXP
t/Wilcocxonn 30 36
m sd m sd t W p d
GM pre 4.07 1.21 3.98 1.35 512 0.72
GM pos 3.94 1.20 3.69 1.51 -0.76 0.45
GM diff -0.12 1.36 -0.30 1.44 -0.50 0.62
CSM pre 4.28 0.99 4.46 1.04 593 0.50
CSM pos 4.21 1.02 3.83 1.13 -1.41 0.16
CSM diff -0.08 0.91 -0.63 0.94 395 0.06 0.6
CS NO CS
t/Wilcocxonn 37 29
m sd m sd t W p d
GM pre 4.08 1.33 3.94 1.23 496 0.60
GM pos 3.78 1.53 3.83 1.17 544 0.93
GM diff -0.30 1.59 -0.12 1.12 0.52 0.60
CSM pre 4.38 0.98 4.38 1.07 0.00 1.00
CSM pos 4.14 1.08 3.84 1.10 -1.11 0.27
CSM diff -0.24 0.98 -0.54 0.92 371 0.03* 0.3
Table 5: Correlation between grades and mindsets
Grades
GM r sig. CSM r sig.
pre 0.04 0.80 pre 0.07 0.70
post 0.27 0.11 post 0.16 0.33
diff 0.22 0.19 diff 0.11 0.50
The intervention where we explicitly taught about GrowthMind-
set in one of the CS classes (INF1) was not effective (RQ2): the aver-
age mindset of INF1 students decreased (although not significantly)
from 4.02 out of 6 to 3.33 out of 6. One of our possible explanations
is the fact that the initial discussion during the lesson really en-
gaged students and took much more time than scheduled, forcing
the researcher to rush through the subsequent points. Furthermore,
a shift towards a more fixed mindset was also found after a similar
intervention in CS1 courses [30]. Finally, the efficacy of this kind
of intervention is debated [31].
However, INF1 students, after receiving the intervention, gave
to hypothetical colleagues coherent GM suggestions (RQ3) to over-
come difficulties (put effort, ask questions, practice regularly and so
on). Surprisingly, when asked what a teacher should do to stimulate
a growth mindset, almost no one answered with typical GM teach-
ing suggestions (e.g., teach explicitly about brain growth, praise
effort): the vast majority advocated more creativity, engagement,
fun, connection with the real world or student passions. This is
interesting because in other fields, for example, engineering, the
suggested approaches proved to be effective: during the first year
of University, students usually move towards a fixed mindset. How-
ever, introducing open-ended, socially relevant engineering design
projects into the curriculum helps to lessen or eliminate the shift
toward fixed mindset [26]. Our preliminary results on Primary
Education students seem to agree with that [20].
We found (RQ1) a statistically significant decrease in "Computer
Science mindset" only in students not studying CS. The decrease
was higher for girls and students without any previous program-
ming experience. This is not desirable: if we think CS has a universal
social value, reinforcing stereotypes about a "geek gene" [1, 24] will
be harmful and lead to a problem similar to those many students
are experiencing in Math, as international tests reveal. This adds to
the evidence on the importance of introducing CS principles for all
K-12 students.
Identification with CS decreased (RQ1) in CS students, confirm-
ing what was already observed for Math [37]. Its (small) increase
in non-CS students is worth further analysis.
This research was conducted in a high school in Italy, with 16-
year-old students. To generalize the results, it should be repro-
duced with different samples (different kind of schools, different
geographic areas, different age and previous experience, different
teaching methodologies, and so on). Items on CS beliefs were trans-
lated into Italian and adapted from recent Math research: thus, we
need validation studies and better calibration to assess CS beliefs
effectively.
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